The objective is to estimate the effect on one"s weight decades later of choosing a blue collar job as his/her initial job. OLS and probit models are estimated, using dummy variables for overweight and obesity as the dependent variables. Various two stage models treat occupational choice to be endogenous. Using strong instrumental variables to identify occupational choice, yields statistically significant results indicating that the initial choice of a blue collar job is associated with an increase of 6.6% (4.8%) in the probability of being overweight (obese). We also find that an additional year of blue collar work is associated with an increase of 1.1% and 1.4% in the probability of being overweight and obese, respectively. JEL: I100, I120, I130, I190, J24
Introduction
The goal of this paper is to estimate the long-term effects of occupational choice on obesity. Once a person has chosen an initial occupation, he or she is likely to be placed on a particular trajectory of labor, socioeconomic and health outcomes, which could ultimately impact her overall state of health decades later (Fletcher 2012) . A particular type of job may have an effect on an individual"s future job mobility, stream of earnings, wealth and retirement outcomes.
The exact impact of an occupation on health is thought to operate through multiple channels, some of which are considered to be direct and some indirect (Kelly et al. 2011 (Kelly et al. , 2012 . For instance, job related stress and exposure to hazards are likely to directly affect a person"s health.
Likewise, according to Fletcher, income, availability of health insurance and the "psycho-social" aspects of the job such as peer effects are considered to indirectly impact health. The general direction of some these effects may not be entirely clear. For instance, one of the main hypotheses underlying our analysis is that manual work can potentially cause health deterioration by physically stressing the body. On the other hand, one of the most commonly stated reasons for the recently observed growth of obesity has been the gradual shift towards a sedentary lifestyle, often starting at the workplace. Manual work exposes an individual to a higher degree of physical activity, which could potentially be health improving (Lakdawalla and Philipson 2007; Gomis-Porqueras et al. 2011 ). Studying the relationship however is further complicated by the endogenous nature of occupational choice and self-selection. Individuals are not randomly assigned to blue or white collar jobs, but instead choose their initial occupation. It is very possible that unobservables such as ambition, upbringing, and risk aversion may have an effect on a person"s choice of work. Case and Deaton (2003) and Fletcher and Sindelar (2009) argue that if manual work has negative impacts on health, it is likely that individuals who are less likely to experience the health deteriorating effects will be the ones to self-select into such occupations, thus downwards biasing the key coefficients.
Our paper contributes to the existing literature by expanding on the work by Kelly et al., who estimated the cumulative effects of initial occupational choice on adult obesity using the Panel Study of Income Dynamics (PSID). Ours is one of only a few papers which explore this important relationship and thus provides some interesting comparisons. The consistency of the results across datasets is tested by estimating a recursive bivariate probit model, using the National Longitudinal Survey of Youth (NLSY). The results will indicate whether their results, based on multiple cohorts, hold when using a sample consisting of a single age cohort as is the case with the NLSY and with more recent obesity data. Several different estimation techniques are used in order to test the consistency and the sensitivity of the results to each approach. The bivariate probit is expanded through the use of more instruments available only in the NLSY, which further aids in identifying the occupational choice variable, as well as through the inclusion of multiple controls not present in the PSID. In contrast to Kelly et al., our instruments are quite strong at predicting occupational choice.
Section 2 provides a survey of studies relevant to our research. Section 3 sets forth our model of initial occupational choice and weight gain many years later in life. Section 4 discusses the data while sections 5a and 5b present the results. Section 6 provides a summary and conclusions.
Literature Review
One line of research relevant to the current paper involves the impact of one"s occupation on his health status. Case and Deaton (2003) study the impact of manual work on self-reported health as workers age and find support for men and women of a negative relationship between manual work and overall health, with policemen and firemen being the two exceptions. They find evidence that manual workers are most likely to self-select into health deteriorating occupations likely due to their resistance to physical stress. The problem of self-selection results in a downward bias of the estimated effect of manual work on health. This result is also confirmed by Fletcher and Sindelar (2009) , who estimate the effects of early occupational choice on adult health status using the PSID. Their baseline OLS model establishes a significant negative relationship between initial blue collar occupation and self-reported health, which is partly weakened as more controls are added. However, the instrumented results reveal an even stronger negative relationship between initial occupational choice and adult health status.
According to Fletcher and Sindelar this result is likely driven by workers who select into occupational status on the basis of their ability to deal with the job"s health deteriorating conditions.
The literature on the topic of early occupational choice and the subsequent obesity outcomes is limited. According to Sindelar et al. (2007) , initial occupational choice places an individual on a "trajectory of interacting labor market and health outcomes" that ends up significantly impacting one"s health later in life. A job can have direct effects on health, as a result of such things as the physical nature or environment of the workplace or indirect effects, which operate through the occupation"s effect on income and time constraints. Other occupational aspects that could affect health could be related to the availability of insurance and the presence of peers and their health habits, both of which can impact the amount of investment someone makes in their own health. Sindelar et al. (2007) and Fletcher et al. (2011) use the PSID to estimate probability models to analyze the cumulative effect of early occupational choice on health. For their baseline model, Sindelar et al. (2007) break down occupations into 10 broad categories, which they use to create occupational related dummy variables. They find that all of the coefficients of the dummy variables are significant and increase the risk of the individual being in fair/poor health, relative to the omitted "professional" category. However, after including education in their model specification, the coefficients corresponding to white collar occupations become insignificant. This suggests that a large portion of the impact of occupation on health, especially for white collar workers, may be driven by educational attainment. Fletcher et al. (2011) find that for males, exposure to environmental stress results in lower self-reported health. The effects of physical demands are found to be significant only for non-white males and environmental effects are significant for everyone but white males. For females the coefficients are in general larger relative to males and both are positive and significant, indicating that women may be more sensitive to the effects of the environment or physical stress. The authors acknowledge that selectivity and unobservables could potentially bias the effect of hours of work. For instance, healthy people may be working more hours or individuals working extended hours could have greater exposure to work related stress factors, and thus experience greater health deterioration.
Lastly, the number of hours spent at work is found to have a small but positive and statistically significant effect on self-reported health. The authors speculate that this could be due to healthier workers choosing to work longer hours. Lakdawalla and Philipson (2007) use data from the National Longitudinal Survey of Youth (NLSY) to study the specific effects of job related physical activity on body weight (BMI). 1 They find that over time the effects of occupational activity do accumulate, and the relationship between physical activity indexes and weight becomes significant. The cumulative effect of working in fitness demanding occupations appears to reduce BMI, while working in strength demanding occupations tends to raise BMI. They also consider the possibility of selection bias at the time when the occupational choice was made. Several tests reveal that the selection only occurs for females, and it is the heavier women who choose more strength demanding jobs.
Lastly, Kelly et al., measure the impact of early occupational choice on later life obesity, also using data from the PSID. Since occupational choice is an endogenous variable, which depends on a number of unobservables, the authors estimate a structural bivariate probit model, where early occupational choice is considered to be a function of individual and labor market characteristics. In their main bivariate probit model specification, where the dependent variable is a categorical obesity dummy and occupational choice is endogenous, they find that if the respondent"s initial occupation is blue-collar, the probability of being obese 35 years later rises by 3.4 to 6.7 percent.
The Model
Finding the direct effect of occupational choice on obesity is not straightforward. Even though reverse causality is not likely to be an issue since the initial occupational choice is determined much earlier in life, omitted variable bias from unobservables poses a threat to the accuracy of the estimated coefficients. Many factors unobservable to the researcher such as ambition, upbringing, and risk-aversion can contribute to both occupational choice and health behaviors including weight control. Therefore, the initial occupational choice dummy (blue_collar) is likely an endogenous variable, and as such, estimating its causal effects depends on proper identification. The blue_collar dummy takes value of 1 whenever a respondent reported his/her initial occupation was in one of the following categories: craftsmen, foremen, operatives, laborers, farmers, or service workers.
The main model used in this paper follows Kelly et al. and is of the form:
is a categorical indicator which describes an overweight or obese outcome
(depending on the model specification) for individual i in time period t, and is generated using the person"s BMI. 2 The variable denotes the initial occupational choice, which occurred in an earlier period t-1. The occupational choice variable is a binary dummy indicating whether individual i had initially selected blue or white collar occupation; and is generated using (2011)) and it is the actual family income (already controlled for), which is likely to influence the household dietary patterns.
The main goal of the analysis is to get an unbiased estimate of in equation 1, where indicates the effect of one"s initial occupational choice on current obesity. Given our objective, it is important to note that these are strong instruments, as they are able to significantly predict blue_collar outcomes, both individually and jointly. If occupational choice is really determined by another set of observable and unobservable covariates, any single step estimation is likely to result in biased estimates of . We estimated the model using different approaches in order to determine how sensitive the results are to the various assumptions associated with each estimation technique, as well as reveal if the results depend on whether or not blue_collar is treated as an endogenous variable.
One set of estimates is computed using a linear probability model (LPM). Although a consequence of LPM is a loss of efficiency and possibly biased standard errors, the actual coefficients are unbiased and measure the average effects of the variables. Furthermore, the OLS results are likely to be qualitatively similar to those from other approaches. The two main advantages of a linear probability model are its ease of estimation and interpretation of the coefficients. The LPM estimates will serve as a reference point to the nonlinear discrete variable models, which are also estimated.
In addition to LPM models, another set of estimates is produced using simple probit models which predict the impact of occupational choice on being overweight or obese. As in the LPM, blue_collar is included in equation 1 as an exogenous variable.
Lastly, several specifications of a recursive bivariate probit model are estimated. Given that weight (overweight or obese) and occupational choice are binary outcomes, this approach would be appropriate for estimating . One of the main assumptions is that the error terms of each equation, and , are jointly standard normally distributed with correlation ρ and unit variances. ρ is a measure of the correlation between the unobservables of each equation. A likelihood ratio test for significance of ρ (Ho: ρ =0) tests whether occupational choice should be treated as being endogenous (Wooldridge, 2002, p.477) . If ρ≠0, then estimating single equation probit equations yields inconsistent estimates (Wooldridge, 2002, p.478 ).
Wilde (2000) has shown that in the special case of the recursive bivariate probit approach, which is estimated in this paper, identification may even be possible with no exclusion restrictions. Wilde"s finding and the availability of strong instruments in the NLSY enhance our confidence about model identification.
As with other probit models, the actual standardized coefficients only indicate general significance and direction of effects. However, the average marginal effects quantify the magnitude of the effects on the outcome and provide comparisons between variables and models.
The marginal effects are computed as the derivatives of the prob[ =1, =1| x 1 , x 2 ] where x 1 and x 2 represent the covariates in equations 1 and 2, respectively. Rather than being evaluated at the mean of each variable, these partial effects were averaged over all observations.
In addition to the models outlined above, we also estimate a second set of models which no longer look at occupational choice alone but rather focus on the length of "exposure" to a blue collar occupation. This is done by using a variable indicating years_blue_collar which measures the total number of survey years an individual spent working as a blue collar worker. properly identified in the TSLS models. In both specifications the instruments were jointly highly significant and different from zero and met the criteria set by Stock et al. (2002) 
Data
The data for our paper comes from the National Longitudinal Survey of Youth 79
(NLSY), a nationally representative sample of 12,686 men and women aged 14-22 in 1979 7 .
The two primary dependent variables are binary indicators of whether or not a respondent is obese and/or overweight in 2010. Anyone with BMI greater than 25 and less than 30 is classified as being overweight and those with BMI greater than or equal to 30 are considered to be obese. Weight data were collected in almost all years, except 1979, 1980, 1983 and 1984. Height data were only collected in 1981, 1982, and 1985 . This should not present any problems since by 1985 even the youngest respondents were already 20 years old, and they undoubtedly had reached their adult height. It has been well documented that self-reported physical measures of height and weight carry a degree of reporting error. It is common for individuals to overestimate their height and underestimate their weight. The BMI measures used in the analyses have been adjusted according to the method suggested by Burkhauser and Cawley (2006) . In addition, respondents with a BMI in 2010 above or below 3 standard deviations from the sample mean have been removed from the sample.
The main variable of interest in the analyses is initial occupational choice and its effect on weight years later. Given the longitudinal nature of the data, we were able to examine all waves of the survey and find the first instance an occupation has been reported. The dummy variable blue_collar is then generated using this initial occupational choice. This approach tests the labor, socioeconomic and health outcomes "trajectory" hypothesis, set by Fletcher (2012) . It is possible that rather than being set on a trajectory, the person may be directly exposed to certain factors (whether environmental or peer related) at the work place and the degree of exposure is what determines the respondent"s health status (in our case, as reflected in a person"s weight).
Interpreting "blue_collar" as an exposure variable may not be correct for all respondents. For instance, if a respondent chose blue collar work as the first occupation, and then switched into white collar work the very next survey year she could be exposed to a white collar occupational environment for the remainder of her life. In order to test for the possibility of occupational exposure affecting weight status, we also created a variable called "years_blue_collar" which measures the number of years (in the survey) in which a respondent reported working in a blue collar occupation. Such a measure is representative of the degree of exposure to occupation related factors. We estimate a second set of models which use this as the main variable of interest.
All model specifications include another labor related variable called avg_hw, which
indicates the average weekly hours spent at work, as reported by the respondent between 1979 and 2010. 8 Variables such as income and hours of work are likely to have cumulative rather than instantaneous effects on weight. Weight gain is a gradual "over-time" process, if for instance, spending more hours at the work place induces an increase in BMI. This effect is unlikely to be captured if the most recently reported hours of work are used. Over time the number of hours an individual works is highly variable and sensitive to individual, household, and labor market characteristics at the time of the survey. On the other hand, if one were to estimate the average hours a person spends at work over multiple waves, one can separate the respondents who on average spend more time at work from those who don"t. Similarly, if low income results in the consumption of unhealthy high fat foods, then a temporary decrease in income is not likely to result in an instantaneous increase in BMI, especially if newly imposed income constraints are short lived. The resulting weight change is affected by the degree and length of exposure to this new environment and health behaviors. Therefore, the family income and the hours spent at work have been cumulated and averaged over extended periods of time in order to account for the long term effects of the event or behavior. 
Determinants of Weight

5a. Initial Occupation Blue Collar and Years of Blue Collar Work
In order to determine the sensitivity of the results to the estimation approach, we estimate the model using the same variables but with different estimation procedures. In addition, we use different dependent variables: overweight and obese status dummy variables. We first present the results using overweight and obese as dependent variables and the blue_collar indicator as the explanatory variable of interest (Table 2) . We then present the results using years_blue_collar which indicates the number of years an individual spent in a blue collar occupation (Table 3) . Table 2 summarizes the causal effects of occupational choice on weight status in 2010, as estimated through the three different estimation procedures outlined in the methodology section.
Columns 1-3 (4-6) refer to the estimates from models using overweight_2010 (obese_2010) as the dependent variable. In order to make comparisons, the model specification is the same and only the estimation technique changes. Columns 1 and 4 (2 and 5) present the estimated coefficients from linear probability models (simple probit models) which treat blue_collar as an exogenous variable. Lastly, columns 3 and 6 report the estimates from a recursive bivariate probit, which treats blue_collar as an endogenous variable. All results reported in the table are marginal effects.
Columns 1-3 (4-6) of Table 2 indicate a general pattern with regard to being overweight (obese). Whenever blue_collar is treated as exogenous (Columns 1, 2, 4, 5) the estimated effect of occupational choice is statistically insignificant. However, in the bivariate probit model, the effect of blue_collar is positive and statistically significant. The bivariate probit estimates indicate that choosing a blue collar occupation is associated with an increase of 6.7% (4.8%) in the probability of being overweight (obese). The estimates are consistent in magnitude with those found by Kelly et al. It must be noted that our study utilizes more instruments, which are only available in the NLSY, and these instruments are strong predictors of the occupational choice. In addition, the NLSY and PSID differ substantially as the NLSY looks exclusively at the same cohort of respondents, while the PSID tracks individuals from multiple cohorts. It is encouraging to see that our results are consistent with those of Kelly at al. despite the different model specifications and datasets used.
The jump in the estimated effect of initial occupational choice when it is treated as an endogenous variable is supportive of the results obtained by Case and Deaton (2003) and Fletcher and Sindelar (2009) who found evidence of workers less prone to experience health deterioration self-selecting into occupations which cause relatively greater negative impacts on their health. Note that in the bivariate probit models, the correlation between the residuals of the two equations is statistically significant, indicating that the use of the model is justified.
Results in Table 3 Therefore, this analysis deviates from the "trajectory" hypothesis suggested by Kelly et al. and looks at the effects of over time "exposure" to blue collar work on the respondent"s weight.
Aside from the redefining of the blue collar occupational choice variable, the model specifications and the estimation techniques are unchanged. Given that the choice variable is no longer binary in nature, we use Two Stage Least Squares (TSLS). We re-estimate equations 1 and 2 with the difference being that now the dependent variable in equation 2 is "the number of years spent working as a blue collar worker" instead of the dummy variable blue_collar.
The results under this approach are presented in Table 3 , which follows the already established table format. Columns 1-3 (4-6) contain the estimates from regressions using overweight_2010 (obese_2010) as the dependent variable. For columns 1-2 and 4-5, results are based on single stage models, which are either Linear Probability or a Probit regression. The results from the TSLS are presented in columns 3 and 6. The number of years spent by the individual working as a blue collar worker is identified using the instrumental variables described in the methodology section of the paper.
The coefficient of the variable years_blue_collar is not statistically significant in any of the linear probability or simple probit models. Once we identify the years_blue_collar using instrumental variables in the TSLS regressions, the effect becomes positive and significant; and we find that an additional year of blue collar work is associated with 1.1% (1.4%) increase in the probability of being overweight (obese).
5b. Other Variables of Interest
Results from some of the key variables which are also likely to play a role as determinants of a respondent"s weight status are revealed in Table 2 . In all models, the strongest predictor of current weight is whether or not the respondent was obese in 1981. This is associated with an increase in the probability of being overweight (obese) by 20%-59% (20%-57%). Being male has a strong positive association with being overweight in the bivariate probit model (a 25% increase in probability), while in the LPM and probit models the effects for males are smaller (5% increase in probability) although still significant. According to the bivariate probit, being male increases a respondent"s probability of being obese by 9.7%.
Being Black (Hispanic) is on average associated with an increase of 4%-11% (8%-15%)
in the probability of being overweight and 4%-12% (5%-12%) in the probability of being obese.
A surprising result is that the effect of education is only significant in the regressions which use overweight_2010 as the dependent variable. We estimate that an additional year of schooling is associated with a decrease in the probability of being obese of less than 1%. Lastly, income appears to be negatively correlated with weight and the effect is stronger in the models which use obese_2010 as the dependent variable. An additional $10,000 in one"s average income over the 30 survey years is associated with a decrease in the probability of being currently obese by about 1%, a result consistent with the gradient literature. We find that being currently married is associated with an increase of 2%-7% in the probability of being overweight and 2%-6% increase in the probability of being obese, which is supportive of the "marriage market" hypothesis 10 suggested by Averett et al. (2007) .
With respect to the additional controls, Table 3 demonstrates that using TSLS produces results which are generally consistent to those of the bivariate probit.
Conclusion
Our goal has been to determine the causal effect of choosing a blue collar occupation as an initial job on a respondent"s weight many years into the future. In particular, we wanted to quantify the effect of this choice on the probability that a respondent is overweight or obese later in life. In addition, we estimated the effects of long term exposure to blue collar work on weight status. We find that initial occupational choice as a blue collar worker is strongly associated with an increase in the probably of a respondent being overweight and obese decades later. Our results suggest that choosing an initial occupation as a blue collar worker is associated with an increase of 6.7% (4.8%) in the probability of being overweight (obese). The effects we estimate, based on the NLSY, are quantitatively similar to those found by Kelly et al., who estimate the effects to be in the range of 6.8% to 9.1%. Furthermore we find positive relationship between the number of years someone spends working as a blue collar worker and their long run weight
status. An additional year of blue collar work is associated with an increase of 1% in the probability of being overweight or obese.
Several conclusions are apparent. First, the choice of blue collar work is very likely to be endogenous. The Wald tests for variable exogeneity as well as the tests for residual correlation in the bivariate probit models confirm that treating blue collar as an exogenous variable will likely lead to biased results. In the single stage probit and linear probability models the coefficients of blue_collar and years working as a blue collar worker are never statistically significant and have no effect on the probability of being overweight or obese. In the models where the initial occupational choice or years working in a blue collar job is treated as being endogenous, the coefficients are positive and statistically significant, indicating weight gain.
The statistical significance of blue_collar when treated as an endogenous variable is consistent with the results obtained by Case and Deaton (2003) and Fletcher and Sindelar (2009) who found evidence of workers less prone to experience health deterioration self-selecting into occupations which cause greater negative impacts on their health. In other words, it is likely that omitted variables are biasing the coefficient of blue_collar towards zero whenever it is treated as an exogenous covariate.
Our results support the policy recommendations suggested by Kelly et al. Early occupational choice is likely affected by a variety of variables such as individual specific socioeconomic factors, health constraints, risk aversion, and labor mobility. However, our results suggest that it is also, at least partially, affected by the unemployment rate and the labor market characteristics of the county where the respondent lived as a child. Public policy in the form of economic stimulus or direct household assistance during periods of economic hardship could relieve individuals from the newly imposed labor constraints, and lead them to improved weight and health outcomes in the long run. In addition, our results suggest that future educational health initiatives could be more efficient and produce greater impact by targeting groups of the population or geographical regions with higher percentage of blue collar workers.
The table above reports the means of overweight_2010 and obese_2010 by gender, race and initial occupational choice. The top portion refers to males and bottom to females. Within each section, the first column reports the overall sample average for the particular gender and the following columns break means down by race and initial occupational choice. The table above reports the estimates marginal effects of blue_collar (and several other important covariates) on respondent weight status. The main model specification is consistent for every column of the table, with one difference being that columns 1-3 report the estimates when overweight_2010 is used as the dependent variable, while 4-6 report the results for the case when obese_2010 is used. In addition, each column reports a different estimation approach. For instance, column 1 reports the results from a linear probability (LP) model, while column 2 estimates the same model specification under a probit model. Results for the bivariate probit (BP) models are shown in columns 3 and 6. For the LPM the table reports the estimated coefficients along with robust standard errors in parentheses. For the probit and bivariate probit models we report marginal effects and standard errors. In addition to the reported covariates, the models above also control for age, average hours spent at work and family size. **significant at the 5% level; *significant at the 10% level The table above reports the estimated coefficients for years_blue_collar (and several other variables) on the respondent"s obesity status in 2010. Columns 1 and 4 represent linear probability (LP) model estimates, while columns 2 and 5 provide the results from probit regressions. Lastly, for columns 3 and 6 we use two stage least squares (TSLS) and treat years_blue_collar as an endogenous variable. The overall model specification is kept intact across the various methodologies. Each cell contains the estimated coefficients along with robust standard errors in parentheses. In addition to the reported covariates, the models above also control for age, average hours spent at work and family size. **significant at the 5% level; *significant at the 10% level 
